This paper proposes an architecture for an open-domain conversational system and evaluates an implemented system. The proposed architecture is fully composed of modules based on natural language processing techniques. Experimental results using human subjects show that our architecture achieves significantly better naturalness than a retrieval-based baseline and that its naturalness is close to that of a rule-based system using 149K hand-crafted rules.
Introduction
Although task-oriented dialogue systems have been extensively researched over the decades (Walker et al., 2001; Williams et al., 2013) , it is only recently that non-task-oriented dialogue, open-domain conversation, or chat has been attracting attention for its social and entertainment aspects (Bickmore and Picard, 2005; Ritter et al., 2011; Bessho et al., 2012) . Creating an open-domain conversational system is a challenging problem. In task-oriented dialogue systems, it is possible to prepare knowledge for a domain and create understanding and generation modules for that domain (Nakano et al., 2000) .
However, for open-domain conversation, such preparation cannot be performed. Since it is difficult to handle users' open-domain utterances, to create workable systems, conventional approaches have used hand-crafted rules (Wallace, 2004) . Although elaborate rules may work well, the problem with the rulebased approach is the high cost and the dependence on individual skills of developers, which hinders systematic development. Another problem with the rule-based approach is its low coverage; that is, the inability to handle unexpected utterances.
The recent increase of web data has propelled the development of approaches that use data retrieved from the web for open-domain conversation (Shibata et al., 2009; Ritter et al., 2011) . The merit of such retrieval-based approaches is that, owing to the diversity of the web, systems can retrieve at least some responses for user input, which solves the coverage problem. However, this comes at the cost of utterance quality. Since the web, especially Twitter, is inherently noisy, it is, in many cases, difficult to sift out appropriate sentences from retrieval results.
In this paper, we propose an architecture for an open-domain conversational system. The proposed architecture is fully composed of modules based on natural language processing (NLP) techniques. Our stance is not just to hand-craft or to search the web for utterances, but to create a system that can fully understand and generate utterances. We want to show that it is possible to build an open-domain conversational system by combining NLP modules, which will open the way to a systematic development and improvement. We describe our open-domain conversational system based on our architecture and present results of an evaluation of its performance by human subjects. We compare our system with rule-based and retrieval-based systems, and show that our architecture is a promising direction. In this work, we regard the term open-domain conversation to be interchangeable with non-task-oriented dialogue, casual conversation (Eggins and Slade, 2005) , chat, or social dialogue (Bickmore and Cassell, 2000 (QA) (Voorhees and Tice, 2000) and open information extraction (Etzioni et al., 2008) . The application here in mind is one that can chat with users like chatbots. It should also be noted that we deal with Japanese text chat in this paper, although we believe the architecture to be largely language-independent and extendable with other modalities.
In Section 2, we describe the architecture and its underlying modules. In Section 3, we describe the rule-based and retrieval-based systems that we use for comparison. In Section 4, we describe the experiment we performed to evaluate our system. Section 5 summarizes the paper. Figure 1 shows the architecture we propose for an open-domain conversational system. The architecture has three main components: utterance understanding, dialogue control, and utterance generation. Following the literature on discourse theory (Grosz and Sidner, 1986) , we regard intention (intentional structure), topic (attention state), and content (linguistic structure) as three important elements in conversation, and seek to create a system that can understand and generate on the basis of them in a general way. The dialogue control component works by ranking utterance candidates using a general coherence criterion (Hovy, 1991) . Note that the overall architecture is roughly the same as conventional dialogue systems; however, the internal architecture is different so as to allow open-domain conversation. To give a rough idea of how the system works, Figure 2 shows an example dialogue between our system and a user (one of the subjects in our experiment). As this example shows, the system can handle various user utterances. Below, we describe how this is achieved.
Architecture and System Description

Utterance Understanding Modules
We identify dialogue-act, question-type, center-word, and predicate-argument structure (PAS). Dialogueact and question-type correspond to intention, center-word to topic, and PAS to content. We use PASs because they can represent an arbitrary sentence. For languages other than Japanese, instead of PASs, semantic role labeling (SRL) can be used (Palmer et al., 2010) . Below, we describe each module. Dialogue-act estimation: As a dialogue-act tag set, we use the one proposed by .
Although their tag set is designed for annotating listening-oriented dialogue (LoD), since speakers in LoD are allowed to speak freely, the tag set can cover diverse utterances, making it suitable for open-domain conversation. There are 33 dialogue-acts in the tag set. See for details. We used 1259 LoDs annotated with dialogue-acts and trained a classifier using a support vector machine (SVM). The features used are word N-grams, semantic categories (obtained from a Japanese thesaurus Goi-Taikei (Ikehara et al., 1997) ), and character N-grams. Here, unless otherwise noted, we use JTAG (Fuchi and Takagi, 1998) for morphological analysis in this work. When we use the LoD data for training and testing, by a ten-fold cross validation, the estimation accuracy is 45%, which is reasonable when considering that the inter-annotator agreement rate is 59%. For reference, the majority baseline, which estimates the dialogue-acts of all utterances to be information-provision, has 12% accuracy.
Question-type classification:
We use the question taxonomy by Nagata et al. (2006) because it was derived by analyzing questions from the general public and therefore covers diverse questions. The taxonomy has 23 question types under five main categories: name, quantity, explanation, yes-no, and other. Since some types could be too specific, by merging similar ones, we shrinked the 23 types into 13: name-other, name-person, quantity-other, quantity-date, quantity-period, quantity-money, yes-no, explanation-reason, explanation-definition, explanation-method, explanation-reputation, explanation-association, and other. Using an in-house data set of about 48K questions annotated with the 13 types, we trained a logistic-regression-based classifier that achieves a classification accuracy of 92.5% by a five-fold cross validation. The majority baseline that always classifies to name-other has 39.5% accuracy.
Center-word extraction: We define a center-word as a noun phrase (NP) that denotes the topic of a conversation. We hypothesize that an utterance has at most one NP suitable for a center-word. To extract an NP from an utterance, we use conditional random fields (Lafferty et al., 2001) ; NPs are extracted directly from a sequence of words without creating a parse tree. For the training and testing, we prepared 10K sentences with center-word annotation. Here, the sentences were those randomly sampled from the open-domain conversation corpus (See Section 2.2). The feature template uses words, part-of-speech (POS) tags, and semantic categories of current and neighboring words. The extraction accuracy is 83.4% by a five-fold cross validation. This module has access to the context. When there are already center-words (represented by a stack) in the context, the center-word of the current utterance is placed at the top of the stack.
PAS analysis and anaphora resolution: In PAS analysis, predicates and their arguments are detected. A predicate can be a verb, adjective, or copular verb, and the arguments are NPs associated with cases in case grammar. As cases, we use standard cases ga (nominative), wo (accusative), ni (dative) as well as de (locative/instrumental), to (with), kara (source), made (goal). We use the PAS analyzer described in (Imamura et al., 2009; Imamura et al., 2014a; Imamura et al., 2014b) . The analyzer works statistically by ranking NPs in the context using supervised learning with an obligatory case information dictionary and a large-scale word dependency language model. For the ranking, NPs in the current utterance and the center-words in the context are considered. Also considered are the special NPs 'I', 'YOU', 'exog (exophora general)', and 'null'. Here, 'exog' means that there should be some argument for a case but it is missing in the context, and 'null' means that no argument is required for a case. When arguments are filled with NPs from the context, this means that zero pronoun resolution (a type of anaphora resolution) has been performed. The analyzer is reported to have an accuracy of 57-62% for ga, wo, and ni cases for dialogue data (Imamura et al., 2014b) . When a zero pronoun is resolved, the NP used for the resolution is placed at the top of the center-word stack because such an elided NP is grounded among the conversational participants and is likely to be the focus of conversation (Walker et al., 1994) .
Dialogue Control Modules
We have two modules for dialogue control. The next dialogue-act estimation module roughly decides the next user utterance on the intention level (dialogue-act level). The utterance ranking module ranks utterance candidates (See Section 2.3 for how utterance candidates are created) by a coherence criterion. . DA denotes recognized dialogue-acts for user utterances and those chosen by the system for system utterances. Gen. Module indicates the generation module used. Underlined words denote newly recognized center-words.
Next dialogue-act estimation: Using the same approach as Sugiyama et al. (2013) , this module takes into account three previous dialogue-acts in the context to estimate the system's next dialogueact. We trained an SVM-based dialogue-act estimator using 1259 LoDs. Using 1,000 dialogues as training data and 259 as test data, the trained estimator can predict the next dialogue-act with the accuracy of 28% (NB. majority baseline has 15% accuracy). Although the accuracy is low, since the task is subjective and there is no definite answer, we consider the estimator to have sufficient ability to choose a reasonable next dialogue-act.
Utterance ranking: We adopt coherence as a general criterion for ranking utterances because it is a well-recognized measure of discourse and can be applied to arbitrary sentences (Lapata, 2003; Barzilay and Lapata, 2008) . We hypothesize that an utterance that is the most cohesive to the current context should be chosen for the output of the system. To create the ranker, we first collected a data set of 3,680 open-domain conversations (hereafter, open-domain conversation corpus; 134K utterances) between humans, and from 3,496 of them (184 were held out for development), created dialogue snippets (excerpts) by taking N consecutive utterances. We use these dialogue snippets as references (positive examples). We also create counter-references (pseudo negative examples) by swapping the last utterance of each snippet with a randomly selected one from the dialogue from which the snippet was taken. This is similar to how Barzilay and Lapata (2008) created their training data for their coherence models. We then train a ranker by ranking SVM (Joachims, 2002) in the same manner as (Higashinaka and Isozaki, 2008) . The ranker is trained so that references are ranked higher than counter-references. Following Lapata (2003) , who used pairs of words for sentence ordering, we use, as features, the pairs of words, POS-tags, and semantic categories between the last utterance and each of the previous utterances. For example, when the last utterance U l has k words and one of its previous utterance U p has m words, we create k × m features by combining them. This feature generation is done also for POS-tags and semantic categories and is iterated over all previous utterances. We trained two rankers using 2 and 3 for N. When N is 2, we have 124,213 snippets. When N is 3, we have 120,717. By using four-fifths of the data for training and using the remaining one-fifth for testing, the rankers achieve 66.7% and 66.4% accuracies for N=2 and N=3, respectively. Here, the random baseline's accuracy is 50%. We only use 2 and 3 for N here since a larger N could lead to the explosion of features. By default, we use the ranker trained with N=3. The trained ranker ranks utterance candidates (generated by the modules in Section 2.3) and outputs the top one as a system utterance.
Utterance Generation Modules
We prepared nine modules for generation. The versatile, QA, and personal QA modules generate on the basis of dialogue-acts and question-types (intention). The topic-inducing, related-word, Twitter, and PAS modules generate on the basis of center-words (topic). The pattern and user PAS modules generate by using the surface string and PASs of user utterances (content). Note that, for all modules, the system's next dialogue-act is taken into account; that is, wherever necessary, the aforementioned dialogue-act estimation module is applied to generated utterances so that utterances whose estimated dialogue-acts match the system's next dialogue-act are returned.
Versatile: This module receives the system's next dialogue-act and returns utterances randomly chosen from the list of utterances for that dialogue-act. To create lists for dialogue-acts, we first extracted frequent utterances for each dialogue-act in the LoD corpus. Then, we selected context-independent utterances for the dialogue-act. We call such utterances "versatile utterances" because they can be used in various situations. For example, we have "I like it", "It is good", and "That's great" for S-Disc Pref. Pos. (a dialogue-act that discloses one's positive preference).
QA: When the user dialogue-act is a question and the question-type requires a named entity as an answer (i.e., when the question-type starts with a 'name' or 'quantity'), we call an off-the-shelf QA API that is publicly available 1 . The API returns top-N answers (NEs) for a natural language query (Uchida et al., 2013; . We refer to this API with the user input sentence as a query and obtain the top-five answers. This module returns these answers as utterance candidates.
Personal QA: When the user dialogue-act is a question, this module is called for answering personal questions. Answering such questions is important in chat (Batacharia et al., 1999) or even in taskoriented dialogue (Takeuchi et al., 2007) . We use the same method as (Sugiyama et al., 2014b; Sugiyama et al., 2014a) and create a person database (PDB) of question-answer pairs for a persona. In the PDB, the questions are given category labels (e.g., favorite sport, whether the persona likes dogs, etc.) as well as question-types based on our taxonomy. Given a question, the answer is obtained by searching the PDB by the category label and the question-type for the question.
To obtain the category label, a separately-trained logistic-regression-based classifier is used. We prepared a PDB for a persona 'Aiko' (a 29 year-old Japanese woman). The PDB contains 4,428 question-answer pairs. This module searches Aiko's PDB and returns obtained answers as utterance candidates.
Topic-inducing:
When there is no center-word, this module returns utterances that introduce topics (e.g., "Let's talk about favorite foods!"). The utterances are chosen randomly from a list of utterances that we extracted from the dialogue-initiating utterances in the LoDs.
Related-word:
The input to this module is the top center-word (C) and the next dialogue-act. For given C, we first get its related-words. Although we cannot describe details for lack of space, as relatedwords, we have attributes, question words, associative words, and category words. Such words are mined from blogs, Twitter, and Wikipedia by using lexico-syntactic patterns (Hearst, 1992) . By combining related-words with a small number of templates, utterances are created. For example, we have a template "C wa ADJ desune (C is ADJ)" where ADJ is an adjectival attribute of C. The created utterances are returned as utterance candidates. This approach is similar to that used by (Higuchi et al., 2008) and (Sugiyama et al., 2013) in that words obtained from large text data are combined with templates for generation.
Twitter: We use the same approach as (Higashinaka et al., 2014) , who created a database of Twitter sentences by word-level and syntactic-level filtering. The database is searched by a query expanded with its related-words so that tweets relevant to the query can be accurately retrieved. It has been reported that only 6% of the retrieved results are judged as inappropriate by subjective evaluation. Using the same database and method as (Higashinaka et al., 2014) , this module returns the top-ten retrieved sentences from the database using the top center-word as a query. The database contains about 7M sentences.
PAS:
We created a database of PASs by processing more than three years' of blogs. For fear of noise, we only harvested PASs that have just a predicate and an argument for ga (nominative) with its topic (an NP) explicitly marked by a topic marker wa. From the blogs, we obtained 146K PASs for 50K topics. Given the top center-word and the next dialogue-act, this module looks for PASs whose topic matches the top center-word. Then, it converts the PASs into sentences so that they can convey the intention of the system's next dialogue-act. This conversion is automatic: we first convert the PASs into declarative sentences using a simple rule. Then, their sentence-end expressions (NB. In Japanese, modalities are mostly expressed by sentence-end expressions) are swapped with those matching the target dialogue-act. The sentence-end expressions used here are those automatically mined from dialogue-act annotated dialogue data. This module returns the converted sentences.
Pattern: In everyday conversation, there are typical exchanges of utterances like adjacency pairs (Schegloff and Sacks, 1973) . To obtain such exchanges, we mined Twitter. We first collected about 919M tweets. Then, by extracting tweets connected with an in-reply-to relationship, we created a Twitter conversation corpus (20M conversations containing 90M tweets). By taking two consecutive tweets in the corpus and retaining only the frequent ones by a cut-off threshold of ten occurrences, we obtained 22K utterance pairs. The input to this module is the user utterance string, and the module outputs utterances from matched utterance pairs.
User PAS: This module uses the PASs of the user utterance and the next dialogue-act. It performs the same operation as the PAS-based generation and returns the converted sentences. The merit of this module is that the system can use the user's content in its utterance, which has been found to be useful in casual conversation for showing understanding (Ivey et al., 2013) and entraining with users (Nenkova et al., 2008) .
Rule-based and Retrieval-based Systems
For comparison, we prepared a rule-based system and a retrieval-based one. Since there is no offthe-shelf rule-based system in Japanese, we created one on our own. Because we wanted to compare our system with a state-of-the-art rule-based system, we put a great deal of effort in its development.
Remember that creating rules is still the standard way of creating an open-domain conversational system. Last year's Loebner Prize (a chatbot contest) winner, Mitsuku, was based on rules written in artificial intelligence markup language (AIML) (Wallace, 2004) . Beating a reasonably created rule-based system is a hard task. As for the retrieval-based system, we use a large Twitter database to replicate the current best retrieval-based system, which we regard as our baseline.
Rule-based System
We had a seasoned engineer, who specializes in text analysis, create rules in AIML for two and a half months. We used only one person to ensure consistency in the rules. He first created some initial rules by referring to the AIML rules of A.L.I.C.E. (Wallace, 2004) . The rules here include common exchanges of utterances (e.g., compliments of the season) as well as those to evade weak topics, changes of topics, and innocuous utterances. Then, he used the open-domain conversation corpus (with 10% held out for evaluation as we describe later) to extract two consecutive utterances and coded them as rules, making the first utterance the matching pattern and the second utterance the output sentence (called a template in AIML). This process involved replacing certain words with asterisks (wildcard) to widen the coverage of patterns and modifying templates if necessary. To augment the rules, he also used the topic-based utterance corpus that we created. The corpus contains 25K utterances conceived by 20 individuals for 250 topic words. The instruction given to the individuals was to come up with an interesting utterance that you think you would like to hear for a given topic word. Here, the topic words are frequent NPs in the opendomain conversation corpus. The pairs of a topic word and its utterance were coded as rules. To enable the system to answer personal questions, the Aiko PDB was employed. Since the PDB comprises a set of question-answer pairs, the PDB was straightforwardly incorporated into AIML with minor modifications. The rules were loaded by ProgramD, an AIML interpreter (http://aitools.org/Program D), and were tested by an external human checker. The checker randomly extracted 100 utterances from the remaining 10% of the open-domain conversation corpus and put each utterance into ProgramD and subjectively evaluated the adequacy of each output. If more than 90% of the output was judged adequate, the rule creation process ended; otherwise, the rules had to be improved for another check. After several iterations, the 90% criterion was met, resulting in 149,300 rules. As this process illustrates, the rules were meticulously crafted. Our rule-based system uses ProgramD loaded with these rules. Figure 3 shows an example dialogue with the rule-based system (collected in our experiment; see Section 4.1).
Retrieval-based System
We used the Twitter conversation corpus (See Section 2.3) to create a database for retrieval. We extracted two consecutive utterances as input-output pairs and indexed them using the text search engine Lucene (http://lucene.apache.org/core/). For a given utterance as a query, the top-ten utterance pairs are retrieved on the basis of the similarity between the query and the input-part of the indexed pairs. Here, the similarity is the cosine similarity of TF-IDF weighted word vectors. Then, one of the retrieved pairs is randomly selected to produce the system's next utterance. Here, we adopt random selection so that the same utterance won't be uttered for the same input. Since the amount of indexed tweets is large (90M), we consider this to be a reasonable baseline. This system is our replication of IR-Status in (Ritter et al., 2011) . Figure 4 shows an example dialogue with the retrieval-based system.
Experiment
We evaluated our proposed system in an experiment using human judges. We compared it with the rule-based and retrieval-based systems. (Dwass, 1960) . The largest and smallest numbers in a row are indicated by bold and bold italic font, respectively.
Experimental Procedure
We recruited 30 human subjects (14 males and 16 females, ages from 18 to 55). They were paid for their participation. Each participant took part in 24 dialogue sessions, talking four times to each of six different systems. The systems used were (a) the rule-based system, (b) the retrieval-based system, and four different configurations of our proposed system: (c) Prop (noTW), in which utterance search from Twitter is disabled; (d) Prop (noPAS), in which PAS-based generation is disabled; (e) Prop (bi), where N=2 is used for utterance ranking (See Section 2.2); and (f) Prop (tri), in which no module is disabled. All systems start a conversation with a greeting prompt. Each dialogue session lasted for two minutes. Two-minute interaction could be short, but we wanted to test the systems with different topics that can change dialogue-by-dialogue. The participants were instructed to enjoy the conversation with the systems. No dialogue topic was specified. No prior knowledge was provided about the systems, including the number of systems they were to talk to. The order of the systems was randomized. Since the rule-based and retrieval-based systems require less computation, four seconds of delay was inserted before their utterances. After each dialogue, each participant filled out a questionnaire comprising eight items (See the column Questionnaire in Table 1 ) asking for his/her subjective evaluation of the dialogue on a seven-point Likert scale, where 1 is the worst and 7 the best. We asked the participants not to take into account the delay of system responses for their evaluation. After all 24 sessions, each participant filled in a free-form opinion sheet to end the participation. Table 1 shows the results of subjective evaluations. As can be seen from the table, the rule-based system performed the best and the retrieval-based system performed the worst. The retrieval-based system was the worst for all questionnaire items except Q5 (Diversity of system utterances); at least the large Twitter database produced diverse utterances. Our proposed systems placed between the rule-based and retrieval-based systems. The averaged scores and the results of statistical tests indicate that our systems are significantly better than the retrieval-based baseline and that our systems' performance is close to that of the rule-based system. The difference between the rule-based and our proposed systems is not statistically significant (except for a small number of cases). When we focus on Q1 (Naturalness of dialogue), Prop (noTW) attained a score of 3.6, which is close to that of the rule-based system (3.88). This indicates that our system has the ability to perform reasonably natural conversation and that it is possible to create a system of rule-based-level naturalness with our architecture. As for other questionnaire items, the difference between our systems and the rule-based system is a little wider in mean scores. Although further examination is needed, this is probably because user satisfaction is related to more sensitive issues such as politeness, linguistic style, consistency, and users' preferences. When we look at the difference in the four configurations, we see that Prop (noTW) is consistently better than the others except for Q4 and Q5. Since the main difference is whether Twitter sentences are used, this is probably the cause. The reason could be the inconsistency of linguistic styles in Twitter or the noise that could not be suppressed by the filtering. Since Twitter sentences surely augment diversity, we would like to consider ways to make better use of them, for example, by normalizing the linguistic style and applying stricter filters. There is a slight tendency for Prop (tri) to be preferred to Prop (bi), which is reasonable because it uses more context for deciding the next utterance. In the future, we would like to pursue methods that can exploit longer context, such as entity grids (Barzilay and Lapata, 2008) and co-reference structures (Swanson and Gordon, 2012) . We performed a brief analysis of the collected dialogues. Table 2 shows, for each system, the number of unique utterances, unique words, utterances, words, words per utterance, and perplexity. It can be seen that the utterances of the rule-based system are very rigid: the perplexity is very low (23.46) and there are only 353 unique utterances, which is about half of that of the other systems. It is interesting that, despite this fact, the rule-based system was perceived to produce the most diverse utterances by questionnaire. Since the rule-based system produced much longer utterances (8.182), this probably had a positive effect for the perceived diversity. In terms of natural interaction, it is not desirable for one participant to contribute more than the other. In this respect, our proposed systems seem appropriate because the users and the systems exchange a similar number of words per utterance. Table 3 shows the selected ratios for the generation modules. It can be seen that all modules contributed to conversation. The most frequent ones were Twitter and PAS-based generation, followed by the versatile and topic-inducing modules. Although QA and personal QA were not used as frequently for output, when we examined the logs, we found that there were many cases where these modules could not obtain any answer from the QA API or the PDB. Since answering questions is a basic function in conversation, this needs to be improved. Similarly, we also want to evaluate the contribution of each module quantitatively, for example, by associating the behavior of each module with user subjective evaluations in a framework similar to PARADISE (Walker et al., 2000) . Enabling this kind of analysis is a clear benefit of having an architecture such as the one we proposed.
Results and Analyses
Summary
This paper proposed an architecture for an open-domain conversational system and evaluated an implemented system. The results indicate that our architecture enables better dialogue than a retrieval-based baseline using a large Twitter database. Although our system could not reach the level of a carefully crafted rule-based system and still has a number of limitations, our architecture can achieve naturalness close to that of the rule-based system. The contributions of this paper are that we introduced a viable architecture for an open-domain conversational system and experimentally verified its effectiveness. Rather than creating rules on the basis of developers' intuition, our architecture will enable module-bymodule development, which will lead to rapid improvement in open-domain conversational systems in the future.
